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ABSTRACT

Several mobility options have emerged in the past decades as a potential solution to urban
transportation problems, such as air pollution, congestion, etc. A shared e-scooter system
is an example of recent micromobility, which prospered with the advancement in online
payment, vehicle tracking (GPS tracing through cellphone) as well as the evolution of the
business model (dockless system). The popularity of e-scooters is also considered
“disruptive,” as they require to reevaluate the perception of urban mobility.
One of the fundamental aspects of considering e-scooter as a part of the urban
transportation system is to understand how and why people use e-scooters. Several cities
have implemented a pilot program to regulate and evaluate the e-scooters, which also
includes a recall-survey of the riders on how they use e-scooters. However, the data
collected form this approach can only capture user behavior for a limited timeframe and
often contains response bias. As an alternative approach, the author applied unsupervised
machine learning methods to identify patterns in all 79,009 trips taken among seven escooter service providers during March 2019 in Nashville, Tennessee. The combination
of trip data with the land use data suggests nine general patterns. Furthermore, a
visualization of the individual cluster in a map added contextual information of the trip
categories.
The clustering approach did not reveal any typical commuting pattern similar to other
micromobility vehicles, like bikeshare, while only 4% of the trips are purely recreational
such as riding around the park. Whereas, more than half of the trips were for a social
purpose that reflected characteristics of trips for evening dinner, lunch, or running
errands. Also, 21% of all trips that started from 8 pm to 7 am had bars nearby at start or
end locations.
These findings will be of interest to city planners, infrastructure designers, and e-scooter
operators. For instance, identifying the trip start and/or end nearby bars at night could be
critical to improving the safety of e-scooter riders, who could be riding under the
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influence. Moreover, the methodology developed in the study could be one of the
applications of open-source Micromobility Data Specification (MDS).
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1.1

INTRODUCTION
Research background

In the past few decades, several options have evolved as green mobility solutions with the advent
of global warming and rapid urbanization. Although the first bike-sharing system was
implemented in 1965 in Amsterdam, this urban mobility option only boomed in recent years with
the advancement of cashless payment mechanisms and bicycle tracking systems. The evolution
of similar modes and business models has created a new paradigm in urban mobility called
micromobility.
In one aspect, more mobility options are available to the user with diverse costs as well as
different physical inputs to ride. For example, users have the option to use traditional bicycles,
electric-assisted bicycles (e-bikes), electric propelled scooters (e-scooters), electric mopeds, and
so on. In another aspect, the business model has evolved from fixed stations to dockless
solutions, where users have the option to park the vehicle in front of their destination and even
reserve it for a specific duration.
While these options serve people's requirements for traveling, micromobility also reduces other
problems associated with urban spaces, such as congestion, air pollution, and space for parking.
More importantly, these mobility options can induce mode shifts for short trips that would have
otherwise been taken by single-occupant cars. Thus, micromobility is regarded as “disruptive” in
the sense that it can break the conventional ways of how people travel.
To implement the policies and design infrastructure that would sustain such an evolution,
decision-makers and transportation planners and designers need to understand why and how
people use micromobility devices. For example, if most people in a given location use bicycles
for commuting, then the transportation planners should target infrastructure that would increase
the reliability and safety of travel. However, recreational use of bicycles would demand
infrastructure that would make the ride more relaxing, such as a scenic view. Thus, knowledge
about the trip purpose of emerging micromobility, like e-scooters, will inform decision-makers
and planners about the balance of travel demand and supply considering the broader implications
of safety, sustainability, and equity.

1

One way to determine the trip purpose of these modes is surveying. Several transportation
planning agencies, like Portland, and LA, have conducted surveys to understand how people use
e-scooters. However, these surveys can be expensive and can only capture usage trends for a
limited user group within a short timeframe. On the other hand, data mining approaches can
reveal hidden structures of micromobility use patterns over a broader range of users as well as an
extended timeframe. Moreover, this method can be easily scalable to other locations without
much cost, given the standardization of data like MDS.
1.2

Research objective

This research aims to unravel the trip purpose of the dockless micromobility (mainly e-scooter)
mode based on the below research questions:
1. What is the temporal usage of e-scooters?
2. How does the temporal usage change for different spatial locations?
3. Is there any typical pattern in this spatiotemporal analysis that explains trip purpose?
4. Does geo-visualization of the spatiotemporal pattern describe the trip purpose of the escooters?

2
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LITERATURE REVIEW

The way people travel in cities is undergoing a rapid change with a proliferation of dockless escooters. This literature review is divided into two parts: the first section describes the evolution
of micro-mobility, while the latter section includes a review of trip purpose inferences.
2.1

Evolution of micromobility

The term “(shared) micromobility service” is relatively new in the context of urban mobility,
which encapsulates all the low-speed modes, such as docked and dockless shared bikes, electric
pedal-assisted (pedelec) bikes, and electric-scooters (Zarif, 2019). These services include various
transportation modes and service modal that meet the needs of the traveler (S. Shaheen & Cohen,
2019). For example, a user has an option to pick up and drop off bicycles at a station (stationbased bikeshare) or pick up and return to any location (dockless bikeshare and shared escooters). Micromobility has gained popularity in the last decade (Error! Reference source not
found.) with early evidence of increasing mobility, reducing greenhouse gas emissions,
decreasing automobile use, as well as associated health benefits (S. Shaheen & Cohen, 2019).
This section describes the growth of micromobility with a brief discussion about vehicles and
business models along with a scope of micromobility in overall transportation system.

Figure 1 Growth of micromobility in the USA (Source: NACTO (2019)
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2.1.1 Bike-sharing
Within the micromobility domain, bike-sharing has the most extended history that dates back to
the 1960s. The first-ever bikeshare program was a dockless and free bikesharing program started
in 1965 by Witte Fietsen, “White Bikes,” in Amsterdam. However, the bikesharing system
collapsed within days due to bike theft and vandalism (DeMaio, 2009). In 1974, La Rochelle,
France established the first successful bikeshare program that is still operated in the city today.
The program painted borders to restrict riders to go beyond certain coverage area and locked the
bikes to safeguard against theft (Huré & Passalacqua, 2017).
In last few decades, a series of improvements in bicycle tracking technology and payment
methods (discussed more in Section 2.1.3) has increased the bikeshare service exponentially: the
fleet size of shared bikes in China alone grew from 180,000 in February 2012 to over 4 million
by March 2017 (Y. Xu et al., 2019; Zhang, Shaheen, & Chen, 2014). The bikeshare program also
gained popularity outside China, including Europe and the United States.
The United States, however, was slow to adopt bike share programs. Although the first ever
bikeshare program in the United States was launched in 2008 by SmartBike DC in Washington
D.C., the fleet size of bikeshare programs grew slowly until 2012. There were only 19,900
registered bikes in 2013 but increased to 100,000 by 2017 (NACTO, 2018). After few years, 36.5
million trips were made in station-based bike share in 2018, which was only 9% increase from
2017 (NACTO, 2019). Whereas, 9 million trips were made on dockless bikeshare in 2018.
However, dockless bike trips are expected to decrease in 2019 as most of the dockless bikeshare
are closing across the United States (NACTO, 2019).
However, 38.5 million trips were made on a scooter across the United States in the first year of
launch alone (NACTO, 2019). The exponential increase in the scooter trips (Error! Reference
source not found.) and saturation of bikeshare trips (Figure 2) seems to indicate the imminent
dominance of scooter in micromobility domain.
2.1.2 E-scooter sharing
Electric scooter (e-scooter) sharing systems are one of the most quickly emerging and most
popular micromobility services. Motorized scooters cover a broad range of powered stand-up
scooters that propel the rider with a small combustion engine or electric motor. The e-scooter
4

Figure 2 Bikeshare ridership growth in the USA (Source: NACTO (2019))

discussed in this study is an electric kick scooter (e-scooter or often simply termed “scooter”),
such as the one shown in Figure 3. These scooters have an electric motor with a battery pack that
can reach up to 15 miles per hour. Most of the devices used in the United States are shared
devices that are rented through e-scooter service providers like Bird, Lime, or Spin.
Although e-scooters are relatively new members in the micromobility domain, Smith and
Schwieterman (2018) argue that the e-scooter sharing system differs from bikeshare in several
ways. Unlike docked bikeshare systems, e-scooters have a smaller footprint than a bicycle and
are not required to be returned to a designated station. Thus, e-scooters are less geographically
constrained and enjoy more freedom with the electric propelling mechanism.
However, cities have found themselves behind on managing and regulating the e-scooter
operations under their jurisdiction. Most of the service providers distributed the devices in the
street without any warning (Lazo, 2018), and the proprietary nature of these companies provides
a limited research opportunity (McKenzie, 2019). Although e-scooters can replace short car trips
in personal cars or ridesharing vehicles, there are several ongoing debates regarding their safety,
operation, and actual impact on infrastructure and transportation systems.

5

Figure 3 E-scooter

Figure 4 E-scooter service in the US (Source: Smartcitiesdive)
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2.1.3 Business models
The growth of micromobility has gone through three distinct generations, with each successive
generation evolving due to advancements in payment methods and information technology (IT)
(DeMaio, 2009; S. A. Shaheen, Guzman, & Zhang, 2010). The White Bikes of Amsterdam, first
generation of bike-sharing system, introduced 1960’s collapsed because of bike theft and
vandalism. The second-generation system required coin-deposits at docking stations to rent the
bicycles. These systems were also unstable in their service due to bike theft and careless
handling of the bikes because users could not be held accountable due to the anonymized coin
payment system.
Information technology that allows for bicycle reservations, pickup, drop-off, and information
tacking is the key to the third generation of micromobility. It has significantly improved the
convenience for users as well as the operation and management of service providers. The user
can unlock the vehicle from the designated docking station after paying at a kiosk or via a mobile
application. After the end of the trip, these vehicles usually need to be docked at the station
again.
E-scooter (or dockless bike) services providers have introduced a dockless option, where the
vehicle can be picked up and dropped off anywhere without specific docking stations. The user
needs to download the app and create a profile and link their credit or debit card for payment
(illustrated in Figure 5). After creating a valid profile, a user can use the map-based app to locate
the nearest available device. Once they find the vehicle, they can scan its Quick Response (QR)
code from the app to start using the vehicle.
At the time of writing this paper, first time users had to upload their vehicle license information
and take an interactive tutorial, including safety tips, to use an e-scooter. Typically, users are
charged $1 to unlock the e-scooter and additional per-minute cost to ride it. At the end of the trip,
users are required to lock the vehicle from their app and upload a picture showing where they
parked it for parking compliance verification.
2.1.4 A niche of micromobility in the transportation system
Micromobility has massive potential in the current transportation system by providing mobility
options for short-distance trips. According to the 2009 National Household Travel Survey, nearly
7

Figure 5 Steps to check out and use a ride-sharing scooter or bike (Adopted from Fawcett, Barboza, Gasvoda, and
Bernier (2018))

30 percent of all trips in the United States are less than one mile, whereas 40% of all trips are
less than 2 miles. In another report published by INRIX based on more than 50 million car trips
taken during October 2018, 48% of all car trips taken in the top 25 most congested US metro
areas are less than 3 miles (Reed, 2019). The study found that 20% of all trips were less than 1
mile, 16% were between 1 and 2 miles, and 12% were between 2 and 3 miles (Figure 6). These
short trips contribute to higher congestion, parking management problems, and toxic air quality,
as well as obesity-related problems.
On the other hand, shared micromobility options occupy less physical space, have zero tailpipe
emissions, and do not require parking space dedicated to individual users. Micromobility
services like e-scooters can be a prospective replacement for the single occupancy short car trips
with a trip distance of less than 2 miles, especially in urban areas.
Furthermore, millennials (those born between 1982 and 2000) have been embracing shared
micromobility. As compared to the previous generation at their same age, millennials have a
lower driving licensure (Chang, Miranda-Moreno, Clewlow, & Sun, 2019), vehicle ownership
(Fry, 2013), and vehicle miles travelled (VMT) rate (Dutzik, Inglis, & Baxandall, 2014). They
also have different attitudes and preferences towards traveling than the previous generation, are
8

Figure 6 Trip share by distance in the top 25 most congested metro areas in the United States (Source: Reed (2019))

more inclined towards virtual connectivity, such as online shopping and social media
(McDonald, 2015). Millennials, who are also the largest living generation at present, tend to
spend less and make fewer major purchases, such as houses and cars, or avoid them entirely
(Garikapati, Pendyala, Morris, Mokhtarian, & McDonald, 2016). Thus, we can infer that
millennials are attracted to shared micromobility options that have no direct capital and
maintenance costs.
The US shared mobility market seems to prefer e-scooters over its other counterparts. The
adoption rate of e-scooters across major US cities is 3.6 percent in its first year, while other
shared mobility options like car-sharing have experienced a 2 to 3 percent adoption rate after 12
years since their launch (Clewlow, 2019). The majority of the high adoption rate can be
attributed to the enormous investment by venture capital. Furthermore, shared mobility operators
are consolidating a wide range of mobility options, such as Uber acquiring the e-bike sharing
operator JUMP, and Lyft buying the pedal bike sharing operator Motivate (Crunchbase, 2019).
The consolidation has led to the anticipation that the further evolution of shared mobility
operators will enable the realization of Mobility-as-a-Service (MaaS). This new concept will
allow a traveler to access and pay for various transportation options within a city and beyond
through a single app (Li & Voege, 2017). Furthermore, Lyons (2015) proposed that mobility is
9

transitioning from auto-mobility (or the motor age) into a new paradigm of mobility where car
ownership will seem increasingly less essential and the use of private cars will be increasingly
rare. Nevertheless, shared mobility, including e-scooters, is often characterized as disruptive,
new, innovative, and emerging.
The present mobility system is at a turning point with the convergence of emerging technologies,
investment opportunities, policies, and people’s travel preferences. However, there are a lot of
uncertainties regarding how the mobility paradigm will look like in future. Nevertheless,
transportation planners should consider evolving travel demands as well as their implications for
long-term transportation infrastructure and policy (Garikapati et al., 2016).
2.2

Inference of trip purpose

Policymakers and transportation planners and designers are interested in understanding travel
behavior by asking questions such as how people travel, why they make those trips, and when
they choose to travel. Knowledge about why people make e-scooter trips would inform the
integration of e-scoters in the current transportation system. This section covers a brief review of
trip purpose inference in the literature.
2.2.1 Traditional approach
The traditional approach to collecting trip purpose information is by conducting travel demand
surveys, which survey thousands of households across a particular region. Household travel
survey data is also an input for travel demand models to estimate current travel demand and
predict future travel demand. This method of collecting travel data has evolved over the past
decades.
The earliest form of household travel surveys was conducted using a paper-and-pencil interview
method as a mail-out-mail-back survey. In 1980s and 1990s, the mail-back aspect was replaced
by data retrieval with Computer Assisted Telephone Interviews (CATI). The more recent CATI
methods are fully automated without any interviewers asking questions.
In recent years, Global Positioning System (GPS) technology has been implemented to
supplement travel survey data collection. This technology is capable of recording second-bysecond spatial position data with an accurate timestamp and an accuracy of 3 to 5 meters. The
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existing literature contains methodologies that can either supplement travel demand surveys or
potentially eliminate the entire survey.
2.2.2 Methodologies using GPS trace data
Although GPS-enabled devices enable us to study the travel pattern in more granular spatial and
temporal details in real-time and space, information like trip purpose is not inherent in the GPS
data structure (Lei Gong, Morikawa, Yamamoto, & Sato, 2014). Thus, Li Gong, Liu, Wu, and
Liu (2016) phrased the dilemma of the big data approach as “trajectory data-rich but activity
information poor.” In other words, GPS data alone is not sufficient to infer trip purpose and
requires further data processing to supplement information from different data sources.
Therefore, most of the trip purpose inference studies combine different data sources to enrich the
information about trips. These data include spatio-temporal information for the destination,
origin, or both, as well as all trace data for the entire trip. The spatio-temporal data can
incorporate the timestamp of GPS records, duration of the trip, type of land use or POI (Point of
Interest)1 at origin or destination, or segments of the trip. Also, personal information of travelers,
such as demographics and socio-demographic2 characteristics, can add value to trip inference
models.
Lei Gong et al. (2014) summarized the methodologies for trip inference into three categories: the
rules-based method, probabilistic method, and machine learning. The rules-based approach
assigns the trip purpose from a series of pre-defined heuristic rules (Bohte & Maat, 2009; C.
Chen, Gong, Lawson, & Bialostozky, 2010; Pereira et al., 2013; P. Stopher, Clifford, Zhang, &
FitzGerald, 2008; P. Stopher, FitzGerald, & Zhang, 2008; P. R. Stopher, Jiang, & FitzGerald,
2005; Wolf, Guensler, & Bachman, 2001), whereas the probabilistic method estimates the
probability of various trip purposes and assigns the trip purpose with the highest value
(Axhausen, Schonfelder, Wolf, Oliveria, & Samaga, 2004; C. Chen et al., 2010). Machine
learning, on the other hand, assigns trip purpose based on the learning experience of datasets

1

POI (Point of Interest) is a specific point location, which can be a trip attraction point, such as a business location,

bank, educational institute, etc.
2

Socio-economic data includes information about the social and economic status of a traveler (occupation, income,

etc.)
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(Deng & Ji, 2010; McGowen & McNally, 2007). Figure 7 illustrates a conceptual framework of
methodologies and input variables.
However, travel data collection methods are evolving with the adoption of communication
technologies like smartphones and the internet. Especially in the case of shared mobility
services, each user is linked with their smartphone, which allows the logging of travel
information with high spatial and temporal precision. For instance, GPS trace data are available
from shared mobility services like car-sharing (e.g., Uber), bikesharing (e.g., Capital Bikeshare),
and e-scooter sharing (e.g., Lime). Further, these micromobility data are standard open data with
a real-time feed that is available to the public. For instance, General Bikeshare Feed
Specification (GBFS) is an open specification that is specific for bike share. There is also
currently a notion to standardize dockless e-scooter and bicycle trip data in an open data standard
called Micromobility Data Specification (MDS).
Furthermore, the evolution of computational capabilities and methods, such as machine learning,
has equipped researchers to process every trip to find hidden patterns of travel behavior.
Unsupervised learning is one such evolving technique to understand unstructured data (like data

Figure 7 Methodologies for trip purpose inference with input variables (Source: Lei Gong et al. (2014))
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without specific response variables). Thus, the application of such an approach could provide
more information on travel behavior that is limited by traditional methods.
2.2.3 Trip purpose inference studies for micromobility
Much of the research on trip purpose inference from GPS data is focused on car trips. However,
micromobility travel patterns can differ from car trips. Vehicles like e-scooters and bicycles
enjoy much greater freedom to choose route options than a car. For instance, micromobility
vehicles can use bike-only trails through urban spaces, contra-flow lanes, travel against traffic, or
walk the bike on the sidewalk.
In the literature, researchers have inferred the trip purposes of micromobility at different levels
of complexity according to the requirements of their study. For example, most of the bicycle
trips in route choice evaluation studies made only two trip purpose classifications: commuting
(utilitarian) and non-commuting (leisure) (Broach, Dill, & Gliebe, 2012; Dill, 2009; Khatri,
Cherry, Nambisan, & Han, 2016). For example, Khatri et al. (2016) used a rules-based approach
to assign commuting trips that have direct paths between origin and destination, while leisure
trips are usually meandering rides. A limited set of trip purposes is sufficient for studies like
route choice evaluations.
However, broader research on trip purpose inference of micromobility is very limited. Nair,
Javkar, Wu, and Frias-Martinez (2019) used the XGBoost method to predict four types of bicycle
trips (commuting, exercise, social, and school) from 7,000 GPS traces collected from the Cycle
Philly mobile application in Philadelphia. The authors used a supervised machine learning
algorithm on street segments using four built-in environment features and three social
environment features. The built-in environment features are the road network features of each
street segment, a graph-based characterization of the street segments measured in terms of
centrality, and the presence of bike facilities in the street segment. The social environment
features are crime statistics, crash statistics per street segment, parking violations per street
segment, and 311 requests3 per street segment.

3

A 311 request is a non-emergency service where people can make complaints or report problems like road damage.
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Bao, Xu, Liu, and Wang (2017) investigated New York City bikeshare travel patterns and trip
purposes by combining smart card data and POI. The authors used k-mean clustering to classify
the docking station, then used the Latent Dirichlet Allocation (LDA) method to identify hidden
travel patterns for six trip purposes: eating, shopping, transferring to public transit, school-related
trips, home trips, and other purpose trips.
Some of the studies analyzed the spatio-temporal usage of docked bicycle trips along with the
built-in environment of the cities for service monitoring and optimization. Jiménez, Nogal,
Caulfield, and Pilla (2016) applied clustering to identify three types of bike stations in Dublin’s
bike sharing system based on the flow of bikes: attractor, generator, and balancing station.
Similarly, Froehlich, Neumann, and Oliver (2009) found six clusters of bikesharing stations
based on attributes related to the neighborhood and time of day from the Bicing bikesharing
system in Barcelona.
Some studies have also focused on the spatio-temporal patterns of the dockless sharing system.
Shen, Zhang, and Zhao (2018) adopted spatial autoregressive models to explore the impacts of
dockless bikes in Singapore. Likewise, Y. Xu et al. (2019) applied an eigendecomposition
approach to unravel the spatio-temporal hidden pattern in a dockless bikeharing system in
Singapore.
2.3

Relevant research for e-scooter sharing systems

Although dockless scooters are emerging rapidly in cities around the world, there is limited
research to understand its impacts on the existing transportation system. The literature has
focused on the social impact of e-scooters (Petersen, 2019), market and customer segmentation
(Degele et al., 2018; Riggs, 2018), safety concerns (Allem & Majmundar, 2019), and parking
replacement (Fang, Agrawal, Steele, Hunter, & Hooper, 2018). There are also a few papers on escooter distribution optimization (Y.-W. Chen, Cheng, Li, & Yu, 2018) and the potential
integrating of e-scooters with public transit to reduce personal car use (Smith & Schwieterman,
2018).
In one of the studies, McKenzie (2019) explored the spatial and temporal activities pattern of escooters in Washington, D.C. to compare e-scooter sharing trips with docked bike-sharing trips.
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However, to the author’s knowledge, there are no published studies that focus strictly on the trip
purpose inference of e-scooters or even dockless micromobility sharing systems.
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3

METHODOLOGY

This chapter describes the general conceptual framework of the analysis, along with a description
of the data and methods used in the study.
3.1

Conceptual framework

The literature review summarizes the micromobility trend (e-scooters) and past research on trip
purpose inference. The understanding of why and how people use mobility devices is
informative to city planners and decision-makers for formulating policies and guide street
designs. Moreover, the findings of trip purpose inference of e-scooter will have implications on
integrating e-scooters in the current as well future transportation system.
Based on the research objectives (discussed in section 1.2), the hypothesis of the study is the
following:
1. E-scooter trips have distinct patterns based on temporal and spatial information;
2. In addition to temporal and spatial characteristics, the geospatial visualization of these
distinct clusters can help to infer e-scooter trip purpose;
3. Path directness between origin and destination 4can be an indicator to distinguish
utilitarian and recreational trips;
4. The types of land use and parking density can be a proxy to the built environment
characteristics;
Since people use e-scooter for various reasons, the trip data should reflect distinct characteristics.
For instance, the trips that start and end at the park are most probably recreational purposes,
which would have more circuitous path than utilitarian. Whereas, trips in the Vanderbilt
University are most probably to get to different buildings for class. Also, the trips ending at the
Nissan Stadium could be to reach the stadium as well as combine it with recreational intentions.
Thus, all these trips should represent different characteristics in data.
Figure 8 illustrates the difference between trips ending at Nissan Stadium, Vanderbilt University,
and park or touristic attraction on variables trip distance, duration, route directness ratio, and

4

Ratio of path distance between origin and destination to the Euclidean distance between the starting and ending

point
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Figure 8 Illustration of hypothesis
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average speed. The y-axis of the kernel density plot represents the probability of the trips to have
a value in the x-axis in the distribution. Among the three destinations, trips ending at Vanderbilt
university shorter in both distance and duration. But, the average speed usually lower while the
route directness ratio is closer to one, which indicates that the route tends to be shortest path
between the origin and destination. Thus, most of the trips at Vanderbilt University is utilitarian.
However, the trips ending at the park are longer in the distance and duration as well have higher
average speed. Also, the route directness ratio is closer to zero, indicating longer route than the
shortest path between origin and destination. Therefore, trips ending at the park or tourist
attraction are recreational. Whereas, trips with Nissan Stadium as their destination reflects the
combination of both utilitarian as well as recreational purpose.
The hypothesis is expanded to all data using unsupervised machine learning methods. The
conceptual framework illustrated in Figure 9. The first part is to prepare the data by merging
appropriate datasets and creating latent variables. Then, the data was cleaned and processed as
required by the clustering algorithms. The best cluster model was selected from several models
based on a metric as well as interpretability of the model. Finally, the trip purpose was inferred
based on cluster characteristics and geospatial visualization of the best cluster.

Figure 9 Conceptual framework of analysis
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Based on the conceptual framework, 31 variables were generated with specific postulations of
how each variable might inform the trip purpose of e-scooters (presented in Availability”, “Trip
Summary”, and “Parking Compliance” to Mero Nashville ITS. However, the Table 1 ). The table
includes variable name, its description, and postulation for using the variable.
3.2 Data description
This section describes the data sources used for the analysis of e-scooter trip purposes.
3.2.1 Study area
The inference of the e-scooter trip purpose from the Big Data is based on trips completed in
Nashville, Tennessee. The capital city of the Tennessee state is the most populated city, with a
population of 1.9 million within the Nashville Metropolitan Area. It is also the 24th most
populated city in the US according to the US Census Bureau. The city is also renowned as a
music recording center and tourist destination in the USA. The downtown area has a diversity of
entertainment, dining, cultural and architectural attractions. Whereas, the climate of Nashville is
a humid subtropical climate with hot and humid summer, and typically cool winter (with some
snowfall). Rainfall usually occurs in November and December.
According to the 2016 American Community Survey, 78.1% of residents drive alone to work,
9.8% carpool, 2% used public transit, and 2.2% walked, and remaining 1.1% used other modes,
including bicycles. Whereas, 6.7% worked from home. In a report published by INRIX, 51% of
total trips taken during October 2018 were under 3 miles (Reed, 2019). The report ranked
Nashville as the third-best potential for micromobility after Honolulu (Hawaii) and New Orleans
(Louisiana).
Bird first introduced 100 e-scooter without coordinating with Nashville Metro in May 2018.
Soon, Metro started an e-scooter pilot program by regulating the e-scooter with ORDINANCE
NO. BL2018. As of now, seven e-scooter operators, namely Bird, Lime, Lyft, Spin, Jump,
Gotcha, and Bolt Mobility, are operating in Nashville.
3.2.2 Trip data
All the permitted e-scooters in Nashville are required to submit a device’s location and trip data
sets as outlined in ORDINANCE NO. BL2018-1202 “Section 12.62.060 – Data Sharing”.
According to this ordinance, operators need to share three data sets, namely “Device
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Table 1 Postulation of variables used in the analysis

No

Variable name

Description

Postulation

1

Trip duration

Trip distance in minutes

utilitarian trips are shorter
in duration while
recreational or fun rides
are longer

2

Trip distance

Trip duration in miles

utilitarian trips are shorter
in the distance, while
recreational or fun rides
are longer

3

Average trip speed

Average trip speed in

higher average speed

miles per hour

indicates ride without any
interruption like the
intersection

4

Route directness

ratio of actual trip length

low ratio reflects

to the Euclidean distance

meandering path, while

between start and end

higher ratio reflects a

points

shorter path between
origin and destination

5

Land use

CBD area

the proportion of area with

reflect downtown land

CBD characteristics

use characteristics

the proportion of area with

reflect urban land use

urban characteristics

characteristics

Suburban

the proportion of area with

reflect suburban land use

area

suburban characteristics

characteristics

Rural area

the proportion of area with

reflect rural land use

rural characteristics

characteristics

characteristics
6

at origin and

Urban area

destination (a
set of
7

variables for
each)

8
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Table 1 Continued

No

Variable name

9

Description

Postulation

Employment

Employment density at the

Proxy to the high trip

density

origin in per sq. miles

generator. For example,
office, commercial area,
etc.

10

11

Population

Population density at the

Proxy to the demand for a

density

origin in per sq. miles

mobility option

Short term

Short term parking density

high short parking density

parking

per sq. miles

could reflect the demand

density

to access nearby
destination for short time

12

Long term

Long term parking density

high long parking density

parking

per sq. miles

could reflect the demand

density

to access nearby
destination for longer
time

22

23

24

25

The start time

AM Peak (7

1 if a trip started in AM

could reflect possible

of trip

am to 10 am)

Peak interval

morning commuting trip

Day (10 am

1 if a trip started in day

could reflect trips for

to 4 pm)

interval

lunch or running errand

PM Peak (4

1 if a trip started in PM

could reflect social trips

pm to 8 pm)

interval

Night (8 pm

1 if a trip started in night

could reflect trips at

to 7 am)

interval

night, like traveling to a
bar
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Table 1 Continued

No

Variable name

26

Trips
associated

27

Description

Postulation

Nissan

1 if a trip started at Nissan

these trips could reflect

Stadium

Stadium

the pattern of both

with locations

utilitarian and recreational

(a set of

trips

variables for
both origin

Vanderbilt

1 if a trip started at

these trips could reflect

University

Vanderbilt University

the pattern of utilitarian

and

trips

destination)
28

park or tourist 1 if a trip started at park or

these trips could reflect

attraction

the pattern of typical

tourist attraction point

point

recreational trips
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Availability”, “Trip Summary”, and “Parking Compliance” to Mero Nashville ITS. However, the
data does not contain any information that would identify individual users.
This analysis uses “Trip Summary” dataset that intends to inform and support effective
management and safety of shared mobility system, and transportation planning within
Metropolitan Government area. E-scooter operators in the Nashville metro area required to
provide API key, URL, and API documentation so that the Metro can access each trip record.
Before uploading the data, the operators are required to process and clean the trip data as
follows:
1. Removal of staff servicing and test trips
2. Removal of trips below one minute
3. Trip lengths are capped at 24 hours
Each trip has the following data fields.
3.2.3 Land use and socio-economic data
The study used land-use characteristics developed by Nashville Activity-Based Model. The
modeler developed a land use tool that used number of inputs such as employment and
household data in Traffic Analysis Zone (TAZ) level, census block level employment household
information, school locations and enrollment by grade, census block geographies, and parking
data. Chapter 3.4 of Nashville ABM User Guide has more information about the data preparation
procedure (RSG, 2016).
The model extracted population at TAZ level from the 2010 Census and 2005-2009 American
Community Survey data. Whereas they derived employment data from InfoUSA, and Woods and
Poole data sources. Further, the modelers categorized the land use area into four types from
Nashville Area Metropolitan Planning Organization’s 2040 Long-Range Transportation Plan
(LRTP) land-use model. These types are Central Business District (CBD), urban area, suburban
area, and rural area. They argued that these characteristics areas are policy-driven boundaries,
but they also reflect the current as well as mid/short-term development in the area. The model
data also included the short-term and long-term parking supply at TAZ level.
The author obtained the shapefile of data from the Nashville Area Metropolitan Planning
Organization.
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Table 2 Data description of e-scooter trip data

Field Name

Description

Example

pubTimestamp

Timestamp of SUMD pulled

"2018-0901T18:25:43.511Z",

Company Name

Company Name

"Example Co.",

Type of SUMD

"Standard or "Powered"

"Powered",

SUMD Group

Name of the SUMD group

"Scooter",

Trip record number

3 letter company acronym +

"EXC01",

consecutive trip #, Xxx#, xxx#+1,
xxx#+2, ...
SUMD ID number

SUMD Type + Unique identifier for

"PoweredEXC00001",

every SUMD, determined by
company
Trip duration

Minutes

"2.352",

Trip distance

Feet

"1024.8934",

Start date

n/a

"2018-09-01",

Start time

n/a

"08:12:43",

End date

n/a

"2018-09-01",

End time

n/a

"08:15:01",

Start latitude

Point location X

"36.153816671",

Start longitude

Point location Y

"-86.76871038",

End latitude

Point location X

"36.159953125",

End longitude

Point location Y

"-86.77837077",
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Table 2 Continued

Field Name

Description

Example

Trip Route

Sequential GPS coordinates for entire [["36.153816671", "trip duration at a minimum collection

86.76871038”],

frequency of one per 30 seconds.

["36.157768018", "86.77652629”],
["36.156312719", "86.77563580”],
["36.154770766", "86.77289994"],
["36.154562860", "86.77009972"],
["36.159953125", "86.77837077"]]
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3.3

Methods

This section explains the method used in this analysis in three sub-sections. The first section
briefly describes the data preparation methods required for the unsupervised machine learning
algorithms. Whereas, the second section provides a conceptual working of the algorithms and the
last section discusses the cluster model evaluation methods.
3.3.1 Data preparation
This section provides a brief overview of the data preparation process for the unsupervised
machine learning algorithm.
Feature Scaling
Most of the clustering algorithms use Euclidean distance to optimize their objective function. If
one of the features has significantly broader range of values than others, then distance of the
objective function will be governed by that particular feature. Thus, normalizing the range of
features of data will ensure that each feature contributes approximately proportionately to the
objective function. This process is called feature scaling or normalization.
Some of the popular methods for scaling the data are min-max normalization, mean
normalization, z-score normalization, scaling to unit length, and non-linear transformation. The
author applied z-score normalization for the data, whose mathematically expression is as
follows:
𝑧=

𝑥−𝑢
𝑠

Where 𝑢 is the mean of the training samples, and 𝑠 is the standard deviation of the training
sample.
Dimension reduction
Although increasing the number of variables (features) can add more information, the model
becomes more complex and prone to overfitting. This effect is also known as “curse of
dimensionality”. Whereas models underperform when it has less information with just a few
variables. Also, the computational time of higher dimension data is much larger.
One approach to reduce the number of variables but still preserve the information about
observations is by dimension reduction methods. It can be done either by feature selection or by
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feature extraction. The feature selection is the process of identifying and selecting the most
relevant features, either manually or using algorithms. Whereas, feature extraction creates new
variables that explain the variance of the data. Both linear and non-linear dimension reduction
methods are available.
This study uses Principal Component Analysis (PCA), which is one of the popular techniques for
dimension reduction. PCA is a statistical tool that combines a set of variables that could be
possibly correlated into a set of values that is linearly uncorrelated with each other called
principal components (Jolliffe, 2011). Mathematically, for a given set of an input vector 𝑥𝑡 (𝑡 =
1, … , 𝑙 𝑎𝑛𝑑 ∑𝑙𝑡=1 𝑥𝑡 = 0), where each input is of 𝑚 dimension, 𝑥𝑡 =
𝑇

(𝑥𝑡 (1), 𝑥𝑡 (2), … , 𝑥𝑡 (𝑚)) 𝑓𝑜𝑟 (𝑚 < 𝑙), PCA transforms each vector 𝑥𝑡 linearly into new set of 𝑠𝑡

by
𝑠𝑡 = 𝑈𝑇 𝑥𝑡
Where U is 𝑚𝑥𝑚 orthogonal matrix whose 𝑖𝑡ℎ column is 𝑢𝑖 , which is the 𝑖𝑡ℎ eigenvector of the
sample covariance matrix
3.3.2 Clustering models
This section briefly describes the unsupervised machine learning algorithm used in the analysis.
K-means algorithm
The K-means algorithm clusters the data to separate observation in 𝑘 groups of equal variance by
minimizing a criterion known as the inertia or within-cluster sum-of square (MacQueen, 1967).
The mathematical formulation of the criterion is as follows:
𝑘

𝑛
2

𝐽 = ∑ ∑(||𝑥𝑖 − 𝑣𝑗 ||) = 1
𝑖=1 𝑗=1

Where, ||𝑥𝑖 − 𝑣𝑗 || is the Euclidian distance between a point, 𝑥𝑖 , and a centroid, 𝑣𝑗 , iterated over
all 𝑘 points in the 𝑖𝑡ℎ cluster, for all n clusters.
Intuitively, the algorithm has four steps:
1. Randomly pick 𝑘 centroids from sample points as initial cluster
2. Assign sample to the nearest centroid for all data points
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3. Recalculate the centroid of the cluster by taking the mean value of all the samples
assigned to each previous centroid
4. Repeat step 2 and 3 until the difference between the old and the new centroids do not
exceed the threshold value
Although k-mean is one of the popular algorithms of identifying clusters, one of the limitations
of this method is that the user needs to specify the number of clusters (𝑘). Further, this algorithm
does not perform well with the outliers as the solution tends to converge to the local optimal.
Hierarchical clustering algorithm
Hierarchical clustering is the clustering algorithms family that builds nested clusters by merging
or splitting them successively (Johnson, 1967). Generally, merging or splitting is performed by
an agglomerative or decisive approach. The agglomerative method (bottom-up) merges each
observation to successive clusters as the process moves up the hierarchy. Whereas, the divisive
approach (top-down) starts with all observation as one and splits them as the process moves
down the hierarchy.
In an agglomerative clustering, the linkage criteria determine the metrics used for merging the
successive clusters. The linkage criteria are single linkage, average linkage, complete linkage,
and ward linkage. Murtagh (1983) discusses more on the different types of hierarchal clustering.
The following steps describe the general working of the agglomerative algorithm:
1. Determine all dissimilar objects (observation)
2. Create clusters from two closest objects or clusters
3. Redefine dissimilarities between the new cluster from step 2 and other objects or clusters
4. Repeat step 2 and 3 until all objects combine to form one cluster
The advantages of the hierarchical clustering are that no assumption on the number of clusters
(like k-means) is required, and the outcome might correspond to a meaningful taxonomy. The
dendrogram (a tree-like diagram) is a common way to represent the hierarchy of clusters.
However, the algorithm might be too slow for large datasets, and the sample cluster will not
change once it is assigned to a branch.
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GMM algorithm
The Gaussian Mixture Model (GMM) is a probabilistic unsupervised learning algorithm that
assumes that all points are generated from a mixture of a finite number of Gaussian distribution
with unknown parameters (Rasmussen, 2000). Intuitively, an observation belongs to a cluster
that follows the same independent Gaussian distribution in the dataset that has multiple Gaussian
distributions.
The mathematical formulation of GMM model with k component is
𝑘

𝑃(𝑦|𝜇1 , … , 𝜇𝑘 , 𝑠1 , … , 𝑠𝑘 , 𝜋1 , … , 𝜋𝑘 ) = ∑ 𝜋𝑗 Ν( 𝜇𝑗 , 𝑠𝑗−1 )
𝑗=1

Where, 𝜇𝑗 are means, 𝑠𝑗 are precision (inverse variance), 𝜋𝑗 is the mixing proportions, and Ν is a
normalized Gaussian with specified mean and variance.
The advantage of the GMM model is that the clustering decision boundary is stochastic, and the
model is easily scalable. However, the algorithm will perform poorly if the premise is not correct
and is computationally expensive to converge.
3.3.3 Clustering evaluation metrics
There are several evaluation metrics to measure the performance of algorithms. Broadly,
clustering models can be evaluated in two ways; internal and external evaluation (D. Xu & Tian,
2015). The internal metrics consider similarities of data among the clusters to validate the
algorithms. Whereas, the external evaluation considers external data to verify the performance of
the clusters.
Since the scope of the study does not include collecting data to validate the model, the internal
evaluation method is used to measure the performance of the algorithms. To be specific, the
silhouette coefficient is used to compare all the clustering models, which measures how similar
is the observation to its cluster as compared to other clusters. The silhouette coefficients range
from -1 to +1, where the high value indicates better match with its cluster and poor match to the
neighboring clusters.
Mathematically, the silhouette coefficient is defined as
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𝑆𝑖𝑙(𝑖) =

𝑏(𝑖) − 𝑎(𝑖)
𝑚𝑎𝑥(𝑏(𝑖)𝑎(𝑖))

Where, 𝑎(𝑖) is a measure of how well 𝑖 is assigned to its own cluster, and b(𝑖) is the measure of
how dissimilar 𝑖 is with its neighboring cluster
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4

ANALYSIS AND RESULTS

This chapter provides detail about data preparation, followed by descriptive statistics of data and
results of the analysis. More can be found in the following public GitHub repository:
https://github.com/niteshshah12/scooter-trip-purpose
4.1

Data preparation

This section discusses the general data processing and cleaning of the e-scooter trip data.
4.1.1 Trip data processing and cleaning
The author requested trip data for one year starting from 2019-8-31 to 2018-9-01 from Nashville
Metro to acquire 1,546,920 trip records in a csv format. Trips were removed for the following
criteria before any analysis:
1. Trips with missing values in any fields
2. Trips that are less than 1 minute or more than 180 minutes
3. Trips that are less than 200 feet or more than 5 miles
4. Trips that had less than two GPS coordinates in their route
25,711 trips records (1.7% of total trips) were removed because one of the fields had missing
values. The total number of trip records removed based on trip duration criteria is 127,463 (8.2%
of total trips), while 374,488 trip records (24.2% of total trips) were removed based on trip
distance criteria. Whereas, 1,808 trips (0.1% of total trips) were removed because the route had
two or fewer GPS coordinates. Thus, the 50,3759 number of trips (32.6% of total trips) were
removed on all the above-mentioned criteria. The total number of remaining trips for the analysis
is 1,017,450.
Before March of 2019, the average daily number of trips is in the range of 2000 (presented in
Figure 10). Whereas, the average daily number of trips during the summer is more than double as
compared to previous months. A few days in the summer have significant spikes in the total
daily trips. These dates correspond to the events that attract a large number of people outside
Nashville. To illustrate, the day with the highest number of e-scooter trips in Nashville
corresponds to the NFL Draft on April 27, 2019, with 15,385 trips. These events can be
considered as outliers since they only reflect a particular circumstance of e-scooter use.
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Figure 10 Total daily number of e-scooter trips

Thus, the author extracted 88,863 trip data from March 3, 2019, to April 2, 2019 (indicated by
the red box in Figure 10) so that the data is a representative case of the usual e-scooter activity in
a Nashville. The trend of daily total number of trip is relatively uniform between these dates.
Another reason to perform analysis during this timeframe is to capture the usual trips induced by
Vanderbilt University: the majority of students are away from the university during the summer
(May to August).
4.1.2 Preparing data for analysis
The clustering algorithms require scaled numeric data as input data without any categorical or
string values. This section describes the data merging process, further data cleaning, and
transformation of variables for clustering models.
Merging dataset
The author started preparing the data for analysis by spatially merging Nashville Activity-Based
Model’s land use data with e-scoter trip information. Nashville Activity-Based Model land use
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data included 167 number of fields in the TAZ level. However, the author only extracted
selective variables that relate to the hypothesis described in Section 3.1. Those variables are
population density, employment density, area of TAZ, percentage of land-based on buildup area,
and short term and long term parking capacity.
Before joining the dataset, the author manually flagged TAZ for special locations of interests like
Vanderbilt University, parks/recreational location, and Nissan Stadium. This flag would be
helpful for hypothesis testing. The trip origin and destination were imported as point feature in
ArcGIS, and “spatial join” operation linked land use data at trip start and end point location. The
joined features were saved as shapefile to link other trip information in Python. In other words,
the trip start and end point have corresponding sets of land-use variables.
Transforming and creating new variables
Before creating any additional variables, the author dropped 68 number rows since they had null
values. Some of the continuous variables were transformed into dummy variables. The start time
was transformed into four categories (AM Peak: 7 am to 10 am, Day: 10 am to 4 pm, PM peak: 4
pm to 8 pm, Night: 8 pm to 7 am) with a dummy variable to represent respective start time
interval. Similarly, trips on Saturday or Sunday was flagged as weekend trips. Whereas, few of
the variables were normalized so that the resulting numbers would be meaningful during the
comparison. Population, employment, short-term and long-term parking were normalized with
the area of TAZs.
Finally, some new variables were created that correspond to the hypotheses. Route directness
variable was generated as the ratio of actual trip length to the Euclidean distance between start
and end points. Similarly, average trip speed as created by dividing trip length with trip duration
and converting the unit into mile per hour.
Removing outliers
The data had some glitches that did not appear to be a typical e-scooter trip. For example, the
average speed of a few trips was more 15 mph, which is the top speed of e-scooters. Thus, trips
were removed based on the following criteria:
1. If the trip record had missing value in any of the fields
2. If the trip distance from GPS trace is greater than the Euclidean distance.
3. If the trip distance is greater than 90 minutes
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4. If the average trip speed is greater than 15 mph
5. If the trip distance is greater than 3 miles
68 number of trips were removed based on criteria 1, and 6,700 trips were eliminated for criteria
2. Whereas 372 and 14 trips were removed from criteria 2 and 3, respectively. Further, 2,700
number of trips were eliminated for criteria 5. In total, 9,854 trips (11.1%) were removed in the
process. Thus, the total number of trips used for the clustering model is 79,009.
Normalizing data for model
The final dataset was normalized, and dimension reduction using PCA was performed using the
StandardScaler() and PCA() respectively from Scikit learn library in Python (Pedregosa et al.,
2011). First, the dataset was normalized. Then, the data were transformed using PCA with eight
components as it explains more than 80% of variance in the data.
4.2

Descriptive statistics

Among 79,009 trips taken from March 3, 2019, to April 2, 2019, the mean trip duration is 14.7
minutes while the mean trip distance 0.53 miles. Most of the trips are very short distance with
85% of the trips below 1.2 miles (Figure 11). Similarly, 85% of the trips are below 25 minutes
(Figure 12). However, the trip duration has more spread out distribution than trip distance.

Figure 11 Trip distance distribution
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Figure 12 Trip duration distribution

The time of the week and time of the day variation in trip start time is illustrated in Figure 13.
This pattern has just one peak in the evening. Also, the hourly trip volume at the weekend is
significantly higher (almost double for peak) than the weekdays with people making more escooters trips on Saturday in general. The total number of trips on Friday, Saturday, and Sunday
is 20% greater than the total number of trips from Monday through Thursday. The total number
of Saturday trips the largest in the week, which is 89% more than the total number of trips on
Monday (least in the week). In general, e-scooter trip starts lowest in number at 6 am, but the
rate increases steadily to reach a peak at around 4 pm.
The author plotted a sample of 5000 trips with start and end points along with its GPS trace to
understand the actual trip pattern in Nashville (refer to Figure 14). Some of the locations have
more concentration of start and end than other places in the city — the downtown Nashville,
Vanderbilt University, and Centennial Park attracts a lot of e-scooter riders.
Descriptive statistics of the continuous and dummy variables used in the model are presented in
Table 3 and, Table 4 respectively.

35

Figure 13 Variation of trip start time within time of the day and time of the week
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Legend
Start Point
End Point

Figure 14 Origin and destination of 5000 sample trips
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Table 3 Descriptive statistics of continuous variables

Standard
Variable name

Mean Median Minimum Maximum Deviation

Trip duration (minutes)

15

12

1

90

11

Trip distance (miles)

0.5

0.2

0.0

3.0

0.6

Route directness ratio

0.6

0.7

0.0

1.0

0.3

Average trip speed (mph)

2.5

0.9

0.0

14.9

2.6

CBD

66

90

0

90

34

Percentage of land use

Urban

24

0

0

90

34

type at destination

Sub-urban

0

0

0

60

1

Rural

0

0

0

0

0

CBD

66

90

0

90

35

Percentage of land use

Urban

24

0

0

90

35

type at origin

Sub-urban

0

0

0

60

2

Rural

0

0

0

0

0

67245 34288

0

655065

89443

66667 36425

0

655065

89288

7342

5153

0

42559

7622

7517

5300

0

42559

7743

Employment density at origin (people
per sq mile)
Employment density at destination
(people per sq mile)
Population density at origin (people
per sq mile)
Population density at destination
(people per sq mile)
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Table 3 Continued

Standard
Variable name

Mean Median Minimum Maximum Deviation

Short term parking at origin (units per
sq. mile)

7029

2117

0

58009

10503

17351 283

0

174544

34467

7198

0

58009

10788

0

174544

34443

Long term parking at origin (units per
sq. mile)
Short term parking at destination
(units per sq. mile)

2101

Long term parking at destination
(units per sq. mile)

17624 283
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Table 4 Descriptive statistics of dummy variables

Variable name

Count Percentage

Weekend trips

29837

37.8

Trip

AM Peak (7 am to 10 am)

4588

5.8

Day (10 am to 4 pm)

28606

36.2

PM Peak (4 pm to 8 pm)

24587

31.1

Night (8 pm to 7 am)

21228

26.9

Nissan Stadium

2781

3.5

Vanderbilt University

8322

10.5

Park or tourist attraction point

5075

6.4

Nissan Stadium

2512

3.2

Vanderbilt University

7958

10.1

Park or tourist attraction point

5564

7.0

completed
during

Trips
starting at

Trips
ending at
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4.3

Clustering results

All the models described in section 0 were built using the Sklearn library in Python. This section
describes the results of the models and interprets the best model among them.
4.3.1 Model evaluation
The clustering analysis was done using three methods, namely k-means, hierarchal clustering,
and GMM. For all three models, the author built separate models for both normalized datasets
and two principal components with the number of clusters between 2 and 19 with an increment
of one. Thus, a total of 108 models were built to find out the best model based on the silhouette
score. However, only a sample of 50,000 trips was used for hierarchical clustering due to
computing limitations. All the models are compared based on the Silhouette score, which
measures the variance within each clusters of the model. Figure 15 illustrates a summary of the
models.
For all three methods, the model performed very poorly without any principal components
(dashed line in Figure 15). Whereas models with principal components (solid line in Figure 15)
performed better for all three methods. In general, the within variance is relatively high for two
clusters but decreases as the number of clusters increases. However, the silhouette score
improves after five number of clusters.
Based on the silhouette score, k-means with 14 number of clusters is the best model with the
highest value among all 108 models. This model was also obvious to interpret, where the clusters
also exhibited mirror patterns like traveling to downtown in the early evening and return at late
evening. Furthermore, this model exhibited all the trips of interest by the author such as e-scooter
use starting and ending at Vanderbilt University.
4.3.2 Best cluster model
There are 14 specific e-scooter trip patterns in the usual time of the year in Nashville based on
the unsupervised machine learning method. Table 5 summarizes the trip characteristics of each
cluster. The table is color-coded on the statistical measure (indicated mean or median). In
general, green color represents higher values; yellow (if applied) represents middle range, while
red denotes lowest values. Whereas the thicker black border represents the range of color-coding.
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Figure 15 Clustering model performance
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The average trip distance among clusters varies between 0.17 and 1.03 miles: cluster C13 with
the least average trip distance, while cluster C5 has the largest. Whereas, people use e-scooter
between 9.12 minutes to 21.79 minutes on average among different clusters. Similarly, the
average speed of the trip ranges between 0.8 to 5.2 miles-per-hour, where the average trip speed
is least for cluster C9 and C13, while it is highest for cluster C2. The route directness ratio is
highest for cluster C4 with value 0.71, whereas least for cluster C9 with 0.23.
The clusters have distinctive patterns for the trip start time of the day. Some of the clusters have
a particular trip starting time, while other clusters trip start time is more spread throughout the
day. Trips in cluster C1 and C2 all start from 4 pm to 8 pm, while trips are distributed throughout
the day from 10 am to 8 pm in cluster C10. Whereas, there are some clusters that are of special
interest as these trips start at nighttime (8 pm to 7 am), like C2 and C11. Another interesting
observation about these night trips is that they contribute to significant proportion of all the trips
in the Nashville. Further, some of the clusters indicate that those trips are taken in weekends. For
instance, trips in cluster C9 are mostly completed in the weekends.
Clusters in the model represent the trips flagged in the data, such as trips starting or ending at
Vanderbilt University, park or touristic area, and Nissan Stadium. While most of the flagged
trips start and end at the flagged location, the cluster represents mirror trips associated to Nissan
Stadium.
Similarly, there are distinct differences in the other variables among the clusters. For instance,
cluster C12 has the highest employment density at origin among all clusters. Most of the trip
clusters both start and end at CBD or urban land use environment, while clusters C9 and C10 has
trips in sub-urban area of Nashville.
4.3.3 Interpretation of best cluster model
Although the above table and plots are informative, it is difficult to visualize the trip distribution
of e-scooter over space. An overlay of the e-scooter trip clusters in the cartographical map can
provide contextual information about the trip origin and destination surrounding. Further, these
maps can also indicate patterns within clusters like concentration of popular e-scooter starting
and ending location among same cluster.
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Table 5 Results of best cluster model
Features/Clusters

C0

Percentage of trips

C1

C2

C3

C4

C5

C6

C7

C8

C9

C10

C11

C12

C13

7.18

15.21

6.57

16.86

10.27

3.96

2.89

2.36

4.72

0.02

0.25

14.49

4.34

10.89

Trip duration in

mean

14

15

13

17

9

22

15

12

17

20

17

13

17

18

minutes

median

12

12

11

13

6

19

11

9

13

19

13

10

13

14

Trip distance in

mean

0.64

0.62

1.03

0.19

0.20

1.03

0.72

0.67

0.54

0.24

0.63

0.79

0.69

0.17

miles

median

0.23

0.35

0.89

0.10

0.07

0.81

0.49

0.56

0.25

0.11

0.30

0.63

0.37

0.12

mean

0.62

0.57

0.65

0.60

0.71

0.25

0.49

0.66

0.52

0.23

0.51

0.60

0.56

0.59

median

0.69

0.62

0.71

0.67

0.79

0.15

0.49

0.70

0.55

0.01

0.66

0.67

0.61

0.69

Average trip

mean

2.9

2.7

5.2

0.9

1.7

3.2

3.7

4.2

2.3

0.8

3.1

4.1

2.9

0.8

speed in mph

median

1.0

2.5

5.3

0.4

0.6

3.4

3.6

4.3

1.8

0.5

1.0

4.1

2.6

0.5

mean

38

38

33

49

19

45

36

31

39

62

34

33

37

46

0

0

1

11

18

1

1

3

5

0

8

1

2

13

0

0

10

88

46

33

24

38

33

62

33

8

25

85

100

100

0

0

22

43

33

34

30

31

30

0

35

0

Route directness

Percentage of
trips in weekend

AM Peak (7 am to
10 am)
Percentage of

Day (10 am to 4

trip starting at

pm)
PM Peak (4 pm to
8 pm)

44

Table 5 Continued
Features/Clusters

C0

C1

C2

C3

C4

C5

C6

C7

C8

C9

C10

C11

C12

C13

0

0

89

1

14

23

42

26

31

6

29

91

37

2

CBD

27

87

35

83

55

33

87

83

83

0

5

87

90

22

Urban

63

3

54

7

35

57

2

4

7

39

70

3

0

68

Sub-urban

0

0

0

0

0

0

0

0

0

51

13

0

0

0

Rural

0

0

0

0

0

0

0

0

0

0

0

0

0

0

CBD

25

87

21

86

61

32

79

90

90

0

1

87

78

26

Urban

65

3

68

4

29

58

3

0

0

33

63

3

12

64

Sub-urban

0

0

0

0

0

0

0

0

0

56

24

0

0

0

Rural

0

0

0

0

0

0

0

0

0

0

0

0

0

0

11146

66029

13701

47218

4565

4829

60975

4652

76698

45

703

66029

317590

9928

9077

66029

8046

66029

4565

4829

4652

130038

317590

25

350

66029

48276

8161

5770

7823

5893

7907

0

0

3121

346

6623

708

2829

7681

9960

5770

5770

7681

5921

7817

0

0

346

9960

11533

508

2164

7681

4762

5770

0

5517

0

4665

1984

516

7939

0

10122

0

0

5848

32682

0

Night (8 pm to 7
am)

Percentage of
land use type at
origin

Percentage of
land use type at
destination

Median employment density at origin
Median employment density at
destination
Median population density at origin
Median population density at
destination
Median short-term parking at origin
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Table 5 Continued
Features/Clusters
Median long-term parking at origin
Median short-term parking at
destination
Median long-term parking at
destination
Nissan Stadium
Percentage of
trips starting at

Vanderbilt
University
Park or tourist
attraction point
Nissan Stadium

Percentage of
trips ending at

Vanderbilt
University
Park or tourist
attraction point

C0

C1

C2

C3

C4

C5

C6

C7

C8

C9

C10

C11

C12

C13

0

4970

0

1952

1567

0

14748

0

16841

0

0

4970

145004

0

0

5848

0

5245

1984

516

0

13815

32682

0

0

5517

5467

0

0

4970

0

4265

1253

0

0

91196

145004

0

0

4265

5883

0

1

0

3

0

0

0

32

97

0

0

1

0

0

0

5

1

3

2

83

2

0

0

1

0

0

1

0

5

5

3

5

4

0

83

5

2

6

0

1

2

0

5

0

0

1

0

0

0

98

0

0

0

2

0

6

0

4

1

3

1

84

2

0

0

0

0

0

1

0

3

6

4

4

4

0

87

1

3

0

0

0

3

9

7

46

Cluster C0:
The trips in cluster C0 have trip distance 0.64 miles on average with a mean duration of
15 minutes. The average trip speed of this cluster is 2.9 mph. All the trips occur between
4 pm and 8 pm on both weekdays and weekends. The path directness between origin and
destination suggests that these trips are utilitarian.
The land use characteristics of both starting and ending indicate mostly urban with some
CBD environment. The employment density at origin is relatively higher than density,
but population density at start and end is similar. Further, the geospatial visualization of
start and end point (Figure 16) illustrates that the starting point of trips is concentrated on
specific blocks in the downtown area with restaurants and bars.
Thus, cluster C0 could be evening social trips outside downtown Nashville, with most of
them return trips from the social event. This type of trip is 7.18% of all trips in the city.

Legend
Start Point
End Point

Figure 16 Visualization of cluster C0
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Cluster C1:
The average trip distance in cluster C1 is 0.62 miles, with an average speed of 2.7 mph.
On average, cluster C1 trips are completed in 15 minutes. All the trips in this cluster start
in the evening between 4 pm to 8 pm, occurring both at weekends as well as weekdays.
Further, the path directness between the start and end point indicates combination of
utilitarian and recreational.
Most of the trips in the cluster C1 start and end at CBD environment. The employment
density at both origin and destination than population density, which indicates these
locations are trip attractors. A closer examination of sample trip start and end location
(Figure 17) reveals the existence of many bars and restaurants.
Thus, cluster C1 could be trips related to evening social events in downtown. These trips
are 15.21% of all trips.

Legend
Start Point
End Point

Figure 17 Visualization of cluster C1
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Cluster C2:
The trips of cluster C2 have a mean distance of 1.03 miles are completed in 13 minutes
on average. The average speed of the trips is 5.2 mph, which is the highest among all
clusters. The majority of the trips in this cluster occur at night from 8 pm to 7 am on both
weekdays and weekends. Further, path directness indicates utilitarian trip characteristics.
The start and end locations both have characteristics of CBD and urban, but the
destination has relatively more urban features than origin. Also, origin employment
density is higher than that of destination. The map of trips (Figure 18) indicates that most
of the trips start at location with bars and restaurants and end in urban locations.
Therefore, cluster C2 could be return trips from downtown at night, which are 6.57% of
all e-scooter trips in Nashville.

Legend
Start Point
End Point

Figure 18 Visualization of cluster C2

49

Cluster C3:
The trips in the cluster C3 have an average distance of 0.19 miles and duration of 17
minutes. The average speed of the trips is 0.9 mph. The average trip distance and speed
are least among all the clusters. Most of the trips are completed between 10 am and 4 pm,
mostly on weekends, although there are some trips from 7 am to 10 am. Whereas the path
directness indicates the trip to be utilitarian.
The land use characteristics of both origin and destination indicate the CBD environment.
The employment density at trip start and end point are high, but population density is
relatively low. A closer examination of the origin and destination of sample trips in the
cluster (Figure 19) indicates the availability of restaurants.
Thus, cluster C3 could be social trips during the daytime mostly at the weekends. These
types of trips contribute to 16.86% of all e-scooter trips.

Legend
Start Point
End Point

Figure 19 Visualization of cluster C3
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Cluster C4:
The average distance and duration of trips in cluster 4 are 0.2 miles and 9 minutes,
respectively. Whereas, the average trip speed is 1.7 mph. While most of the trips occur at
day (10 am to 4 pm) during weekday, the trips are distributed at other times of the day,
including night. The path directness between trip origin and destination suggests the trips
in this cluster to be highly utilitarian trips.
The origin and destination environment have a combination of CBD and urban land use
characteristics. They have high employment density at both origin and density, but with
zero population density. The indicator variable in the model indicates that most of the trip
starts and ends at Vanderbilt University. The geo-visualization of the trip (Figure 20)
confirms that this cluster has trips associated with the university.
Thus, cluster C4 are trips inside the Vanderbilt University, which is 10.27% of all trips in
Nashville.

Legend
Start Point
End Point

Figure 20 Visualization of cluster C4
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Cluster C5:
In cluster C5, the average trip distance is 1.03 miles, while the mean duration is 22
minutes. The average trip speed is 3.2 mph. Although most of the trips are completed
from 4 pm to 8 pm on weekends, trips are also distributed during day time (10 am to 4
pm) and night (8 pm to 7 pm), and weekdays. The path directness between origin and
destination reveals to be these trips as recreational.
The start and end location of the trip indicates to mostly urban with some CBD
characteristics. The dummy variable in the model suggests that these trips start and end at
parks and tourist attraction locations. The map of sample trips of the cluster (Figure 21)
also shows that these are a recreational type of trips.
Therefore, cluster C5 reflects recreational trips, which contributes to 3.96% of all trips in
Nashville.

Legend
Start Point
End Point

Figure 21 Visualization of cluster C5
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Cluster C6:
The average distance and duration of trips in cluster C6 are 0.72 miles and 15 minutes,
respectively. Whereas, the average trip speed is 3.7 mph. Despite majority of the trips
occur at night time (8 pm to 7 am), trips are also distributed from 10 am to 8 pm both on
weekdays and weekends. The path directness of between starting and ending point
suggest combination of utilitarian and recreational trips.
The origin and destination land use characteristics indicate a CBD environment. The
employment density at origin is much higher than destination. The dummy variable in the
model for trips involving Nissan stadium suggests that majority of the trip ends at the
stadium. Figure 22 confirms this indicating that most of these trips start from downtown.
Furthermore, the e-scooter trip from downtown to the Nissan Stadium could be the firstmile trip to return from downtown to home.
Therefore, cluster C6 are trips from downtown to Nissan Stadium, which is 2.89% of the
trips.

Legend
Start Point
End Point

Figure 22 Visualization of cluster C6
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Cluster C7:
The trips in the cluster C7 have mean distance and duration of 0.67 miles and 12 minutes
respectively. The average speed of the trips is 4.2 mph. Although most of the trips start
between 10 am to 4 pm, they are also distributed over 4 pm to 8 pm as well as night time.
These trips are slightly likely to happen during the weekdays. The path directness
between origin and destination suggests utilitarian trips.
The start and end point of the trip reflects CBD characteristics. While the employment
and population density at origin is low, these trips have high employment density at
origin. The indicator variable in the model suggests that almost all of the trips start from
Nissan Stadium. The map of the trips in the cluster (Figure 23) also reflects trips to
downtown Nashville area originating from the stadium parking area.
Therefore, cluster C7 are trips from Nissan Stadium to downtown. These trips consist of
2.36% of all trips in Nashville.

Legend
Start Point
End Point

Figure 23 Visualization of cluster C7
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Cluster C8:
The average trip distance and duration in cluster 8 is 0.54 miles and 17 minutes. Whereas,
the mean trip speed of the trips is 2.3 mph. These types of trips are distributed between
10 am to 8 pm on both weekdays and weekends. The path directness between starting and
ending points indicates that these trips are a combination of both utilitarian and
recreational types.
The land use of both origin and destination reflects the CBD environment, while origin
also includes some characteristics of urban land use. The employment density at
destination is the highest among all the clusters, while the population density at origin is
also highest among all clusters. Also, employment density at origin is significant. The
map of sample trips of the cluster (Figure 24), suggests that the destination location is
concentrated over specific locations with high commercial and office space.
Thus, cluster C8 reflects the accessing destination in downtown Nashville, which is
4.72% of all trips.

Legend
Start Point
End Point

Figure 24 Visualization of cluster C8
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Cluster C9:
The cluster C9 is the smallest group with the average trip distance and duration of 0.24
mile and 20 minutes, respectively. The average speed of the trips is 0.8 mph, which is the
least of all clusters. Most of these trips occur between 10 am to 4 pm on weekends. The
path directness between starting and ending points suggests recreational trips.
The land use characteristics of both origin and destination reflect the suburban
environment. The employment density is low at origin as well as the destination, while
population density is relatively higher. The geo-visualization of the trips (Figure 25)
reflects e-scooter trips at sub-urban part of Nashville.
Thus, cluster C9 represents sub-urban e-scooter trips in Nashville, which is 0.02% of all
trips in the city.

Legend
Start Point
End Point

Figure 25 Visualization of cluster C9
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Cluster C10:
The average trip distance and duration of the trips in cluster C10 is 0.63 miles and 17
minutes, respectively. The average trip speed of the trips is 3.1 mph. Most of the trips are
distributed throughout the day including night time during weekdays as well as
weekends. The path directness between start and end point suggests that they are
combination of utilitarian and recreational.
The land use characteristics of both origin and destination are mostly urban and suburban.
However, the destination has slightly more sub-urban features. The population density at
both origin and destination is higher than employment density. The geo-visualization of
the trips (Figure 26) also indicates sub-urban trips in Nashville with destination more
spatially spread out than origin.
Therefore, cluster C10 are suburban trips in Nashville, starting at commercial locations.
These trips contribute to 0.25% of all trips.

Legend
Start Point
End Point

Figure 26 Visualization of cluster C10
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Cluster C11:
The mean trip distance and duration of the cluster C11 is 0.79 miles and 13 minutes,
respectively. The average speed of the trips is 4.1 mph. Almost all of the trips in this
cluster are completed at night (8 pm to 7 am). These trips are slightly more likely to
happen during weekdays than weekends. The path directness of start and end location
suggests utilitarian trips.
The origin and destination of the trips have CBD characteristics. The employment and
population density at both start and end locations are similar. The geo-visualization of the
sample trips of the cluster (Figure 27) reveals several bars and restaurants at origin as
well as destination.
Therefore, cluster C11 could represent trips between bars at night in downtown
Nashville. They are 14.49% of all trips in the city.

Legend
Start Point
End Point

Figure 27 Visualization of cluster C11
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Cluster C12:
The mean trip distance and duration of cluster 12 is 0.69 miles and 17 minutes,
respectively. Whereas, the average trip speed is 2.9 mph. These trips are distributed from
10 am to 7 pm on weekdays as well as weekends. The path directness indicates relatively
utilitarian trips.
The origin of the trips have mostly CBD environment, while the destination is
dominantly CBD with some urban characteristics. Furthermore, the employment density
at origin is very high than the destination. The map of sample trips of this cluster (Figure
28) suggests that the origins are concentration at commercial and employment zone of the
downtown while the destinations are spread out around the downtown.
Thus, cluster C12 could be trips returning from the downtown area, which contributes
4.34% of all e-scooter trips in Nashville.

Legend
Start Point
End Point

Figure 28 Visualization of cluster C12
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Cluster C13:
In cluster C13, the average trip distance and duration are 0.17 miles and 18 minutes,
respectively. Whereas the average speed of the trip is 0.8 mph. The average trip distance
and speed are among the least values among all the clusters. Almost all the trips occur
between 10 am to 4 pm on weekends with some trips starting between 7 am to 10 am as
well. The path directness between origin and destination suggests utilitarian trips.
Both origin and destination environment is dominantly urban with some CBD
characteristics. Whereas, the destination has slightly more CBD characteristics. The
employment density at origin and destination is somewhat higher than population density.
The mapping of sample trips (Figure 29) indicates that these trips start and end at
locations with restaurants outside the downtown area.
Therefore, cluster C13 could represent social trips at weekends mostly outside downtown
Nashville. This cluster trips are 10.89% of all e-scooter trips in the city.

Legend
Start Point
End Point

Figure 29 Visualization of cluster C13
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4.4

Summary of trip purpose

The clusters from the unsupervised learning methods exhibit similarity on the trip
characteristics as well as land use characteristics. Although these clusters make sense in
general, these clusters are further grouped or broken down to get more intuitive trip
purposes. For instance, cluster C0 and C1 indicate similar trip patterns of evening social
events except cluster C0 is predominant outside the central downtown of Nashville, while
cluster C1 is concentrated in main downtown area. Also, some of the cluster types are
mirror of each other. For example, cluster C6 and C7 have reverse origin and destination
among themselves. Table 6 summarizes the trip purposes of e-scooter rides in Nashville.
Based on the trip data from Nashville, most e-scooters trips are for evening social events
(22.4% of all trips). It is followed by night trips that are mostly between bar locality or
return trip that started at the location near bar (21.1% of total trips). Further, 14.5% of the
trips are probably lunch and/or lunch trips on Saturday and Sunday. Similarly, lunch
and/or running errands trips on weekdays are 13.3% of all trips. The trips that mostly
started and ended at Vanderbilt University is 10.3% among all trips in Nashville.
Whereas, 9.1% of the trips have characteristics of accessing destination at downtown.
5.3% of the trips are possibly last or first mile to reach the downtown area. Further, only
4% of the trips that exhibit purely recreational trips that appear to be is wandering in a
park or tourist attraction area. Finally, 0.3% of all trips in Nashville are taken in suburban area.
Furthermore, these trip purposes are aggregated by the number of trips, the sum of trip
distances, and sum of trip duration for each trip purpose. Figure 30 illustrates the
comparison between the trip purposes between different methods of aggregations. The
distribution of trip purposes varies based on different measures. For example, the highest
category that has highest vehicle-miles-travelled (VMT) is traveling between bars and/or
returning from bar with 34.5% of all VMT of e-scooter, while this trip category is only
21.1% based on number of trips.

61

Table 6 Summary of e-scooter purposes

Proportion by (percent)
No

Trip purpose

Original cluster
count distance duration

1
2

3

4
5
6

Evening social event
Traveling between bars or
returning from a bar

C0 and C1

22.4

26.6

22.3

C2 and C11

21.1

34.5

18

14.5

4.8

16.4

13.3

4.7

15.7

Errands/lunch/social on

C3 and C13 conditioned

weekends

on weekdays

Errands/lunch on

C3 and C13 conditioned

weekdays

on weekends

Vanderbilt University

C4

10.3

3.8

6.3

C8 and C12

9.1

10.5

10.3

Access destinations at
downtown

7

Prospective first/last mile

C6 and C7

5.3

6.9

4.9

8

Recreational

C5

4

7.7

5.8

9

Suburban trips

C9 and C10

0.3

0.3

0.3

100.0

100.0

100.0

Total

62

proportion by count

proportion by distance

proportion by duration

40.0
35.0

Percentage

30.0
25.0
20.0
15.0
10.0

5.0
0.0

Trip type
Figure 30 Comparative summary of e-scooter trip purpose

63

5

DISCUSSION

Micromobility devices are considered as the best mode to reach a destination that is too
long to walk and too short to drive. This choice might also be influenced by other factors
like congestion, availability of other options, etc. Even though e-scooter does not require
much physical effort, like pedal or e-bikes, e-scooter trips are shorter than other
micromobility vehicles. The average trip distance of e-scooter trips in Nashville is 0.53
miles completed in the 14.7 minutes on average, where 85% of the trips are under 1.2
miles.
However, the average trip for Nashville's number is lower than the trip distance in other
cities. For example, the average trip distance of the e-scooter is 1.2 miles in both
Washington DC and Oakland, CA. The e-scooter trip distance for Nashville without data
cleaning is 1.3 miles. Thus, the trip distance reported by other cities could be average of
all trips including those long trip distance that highly skews distribution.
Similar to the temporal distribution of e-scooter in Austin, Louisville, and Portland
(NACTO, 2019), e-scooter trips in Nashville are higher on weekends than on weekdays.
Further, the trip start time distribution of e-scooter has only one peak in the evening,
unlike the distribution of micromobility vehicles used for commuting like bikeshare.
However, the start time distribution pattern is similar to the recreational or social trips of
bike shares, where casual riders start their trip on mid-day or early evening for social,
shopping, and recreational use. Thus, this suggests that e-scooters riders are more likely
to make non-commuting trips like social, shopping, and recreational purposes.
Furthermore, the trip purpose from the unsupervised machine learning method also
indicates that the majority of trips completed on e-scooter are for social reasons. Among
all the trips taken during March 2019 in Nashville, 22.4% are completed in the evening (4
pm to 8 pm) that originated and ended nearby locations with lots of restaurants.
Similarly, 27.8 % of the trips occur from 10 am to 4 pm on weekends and weekdays that
are likely to be for lunch, social, or running errands. The proportion of these trips is half
of all the e-scooter trips in Nashville. This figure is similar to the response of user
surveys throughout the United States, where the social trips vary in a broader range
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depending upon the location of the survey (City of Austin, 2019; Lime, 2018). Moreover,
these studies do not have a consensus to define social trips; thus, the comparison is also
somewhat ambiguous.
Whereas, a pure e-scooter recreational ride is only 4% in Nashville. These trips start or
end at a park or touristic attraction points, and the route is relatively circuitous. Although
e-scooters are often considered as an “only fun toy”, the mere 4% of such trips in
Nashville reveals that e-scooters are not just for recreational purpose. The small fraction
of recreational trips in this analysis also resembles the findings of some of the user
surveys. For instance, only 8% of people (among 1,006 respondents) use e-scooters for
recreational purposes in Arlington, Virginia (Mobility Lab Arlington County Commuter
Services (ACCS), 2019).
21% of trips that start and/or end nearby bar location at night (8 pm to 7 am) is another
interesting finding. Based on the distance measure, these trips contribute to largest among
all trip purposes in the study. This trip cluster is special interest because riders using escooter at night and originating nearby bars could be intoxicated with alcohol. The
knowledge about such trip patterns would provide insights to improve the safety of escooter riders as well as other road users.
The analysis also indicates that the present transportation system has some latent
transportation demands that could be filled by micromobility options like e-scooters. For
example, 10.3% of the total trips are associated with Vanderbilt University. Although
there is a campus shuttle service to move students in the university area, the significant
number of trips at the university suggests that micromobility can serve some of its gaps.
Similarly, the argument of latent mobility demand can be expanded throughout the city.
Furthermore, the results of the clustering suggest that e-scooter could serve solution to
first and last mile. Despite the proportion of these trips are small (5.3% of all trips) and
the evidence is weak, further exploration of such possibility could be fruitful.
Moreover, the different measures of trip purpose have implications from the perspective
of various stakeholders. For example, operator would want to increase the duration of the
trips that would generate more revenue since they charge e-scooter per minute. Thus, e65

scooter service operator could adopt strategy to increase ridership of specific clusters that
are longer in duration, like trips starting at night from location with bars.
On the other hand, decision-makers and transportation planners could be interested in the
VMT of each trip category as a measure to evaluate e-scooter sharing system among
other micromobility devices as well as another urban mode of transportation such as
transit, car, etc. Further, different types of e-scooter trips would require dissimilar
approach to ensure safety of e-scooter riders. For instance, the safety requirement of
intoxicated users is very different from safety during daytime riders in the downtown
area.
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6
6.1

CONCLUSION, LIMITATIONS, AND FUTURE RESEARCH
Conclusion

E-scooters are relatively new micromobility devices that are disrupting the traditional
urban mobility system. The collection of georeferenced trip data of all trips made in these
devices has allowed researchers an unprecedented opportunity to mine hidden patterns of
the trips. This study applied unsupervised machine learning algorithm to find nine typical
trip patterns of e-scooter in Nashville. Furthermore, these results led to some findings that
could be interesting to decision-makers, transportation planners, as well as e-scooter
operators.
6.2

Limitations

Although the unsupervised machine learning algorithms identified distinct patterns of escooter trips made in Nashville, this methodology has several limitations. First, the
purpose of the trip is inferred by rationalizing based on temporal and spatial
characteristics. However, this study did not validate the results with actual response of
why people use e-scooters. Second, the model used the most elementary land use
information aggregated at TAZ level. These zones are big enough to include mixed land
use that is not reflected just by population density, employment density, and short-term
and long-term parking density. Finally, the analysis did not cover broader period that
would include special events in Nashville. The city is vibrant during the summer when
the city hosts a lot of concerts and events.
6.3

Future research

Building upon the current research, the study can be expanded to explain the e-scooter
trip pattern over broader timeframe as well as depth. The results of the analysis can be
compared with the actual response of people. Although it might not be logistically
possible to survey every user for each trip, an efficient survey could be designed based on
the prior knowledge of e-scooter usage.
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Also, the model can be improved by using more disaggregate data. The Point of Interest
(POI) can be used to explain land use patterns at street level. The popular POI data
source, like Google Maps, have classification of destinations such as restaurants, bars,
recreational centers. Further, more disaggregated information about trips beyond just
starting and ending point could help identify more nuisance types of trips. Also, pattern
recognition algorithms such as Latent Dirichlet Allocation (LDA) can be used to hidden
patterns within the current clusters.
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APPENDIX
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Results
Variance explained by PCA components is present below:
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The characteristics of clusters for different features are presented below:
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The distribution of trip start time for different clusters are presented below:
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